Introduction

1
Physics-of-failure (PoF) methods are widely applied to model components' failure behaviors. In most PoF methods 2 (e.g., [1] ), failure mechanisms are modeled first by deterministic PoF models [2] [3] [4] , and, then, by assuming that all the 3 failure mechanisms are independent, the PoF model with the shortest time to failure (TTF) is used to describe the 4 failure behavior of a component [1] . A fundamental assumption in PoF methods is that all the failure mechanisms are 5 independent. This assumption, however, does not hold in many real cases, because in practice, failure mechanisms are 6 often dependent [5] . For example, it is observed from experimental data that two failure mechanisms, like erosion and 7 corrosion, can enhance each other, resulting in faster degradation [6] . Another example is that when test specimens 8 are susceptible to high temperatures and heavy loads, fatigue can interacts with creep so that the specimens' TTFs are 9 severely reduced [7] .
10
In the literature, many effective methods have been developed to model such dependent failure behaviors, e.g., the 11 multivariate distribution method (see, for example, [8] and [9] ), the copula-based method (see, for example, [10] ), 12 and the shock-degradation interaction method (see, for example, [11] and [12] ). In the multivariate distribution 13 method, the dependency is modeled by identifying the joint probability distribution of the dependent variables and 14 estimating the distribution parameters based on failure data. For 
20
References [14] and [15] reviewed the commonly used multivariate TTF distributions. Kotz et al. [8] investigated 21 how the efficiency of parallel redundancy was affected when the two components were positively or negatively 22 quadrant dependent. Navarro et al. [16] [17] [18] 
27
The multivariate distribution method is a simple and straightforward method to model dependent failure behaviors.
28
However, the method is based on probabilistic models and requires large amount of failure data to estimate the 29 parameters of the models, which limits its applicability.
30
A copula of the random vector  
, ZZ
is defined as the joint cumulative distribution function of   Z [20] . According to Sklar's Theorem, the joint distribution function of any random vector can be 34 expressed as the marginal distribution of each element and a copula that describes the dependency [20] . Thus, the 35 joint probability distribution can be determined by estimating the marginal distributions and the copula separately.
36 Bunea and Bedford [21] developed a model where the dependency among competing risks is modeled by a copula.
37
A similar model was developed in [22, 23] , as well as a discussion on how the choice of copulas affected the 38 estimated reliability. Yang et al. [24] used copulas to investigate the reliability of a partially perfect repairable system. 
47
As the multivariate distribution method, the copula-based method is also based on probabilistic models and relies 48 on failure data to estimate the model parameters. The only difference is that, in the multivariate distribution method,
49
we identify the joint probability distribution directly, whereas in the copula-based method, we only have to identify 50 the marginal probability distributions and the copula and the joint probability distribution is calculated using Sklar's 51 Theorem [20] . Thus, the copula-based method shares the same limitation as the multivariate distribution method, that 52 is, large amount of failure data need be collected to estimate the model parameters.
53
Another important dependency model is the shock-degradation interaction model developed by Feng calculate the reliability of a micro-engine and determined the optimal maintenance strategy. Keedy and Feng [33] 8 applied the model in [11] on a stent, where the degradation process was modeled by a PoF model. Song et al.
9
considered the reliability of a system whose components were subject to the MDCFPs [34] and distinct component 10 shock sets [35] . Apart from the model in [11] , the MDCFPs can be modelled in many other ways. Jiang et al. [36] 11 extended the work in [11] by assuming that the threshold of the degradation process was shifted by shocks. Rafiee et 12 al.
[37] developed a model in which the degradation rates were modified by different shock patterns. Fan et al. [38] 13 developed a Stochastic Hybrid System (SHS) based framework for reliability modeling and analysis of MDCFPs.
14 Zhang et al. [39] considered epistemic uncertainty in MDCFP modeling using a Probability Box (P-box) based 15 approach.
16
The shock-degradation interaction method provides new insights into dependency modeling by considering the 17 actual way in which the dependency arises. However, this method only deals with a simplified scenario, where 18 dependency arises from the superposition of two independently evolving failure mechanisms. By "independently 19 evolving", we mean that the failure behavior of each failure mechanism is not changed by the other failure mechanism.
20
In practice, however, rather than evolving independently, the failure mechanisms might be actually coupled.
21
Examples of coupling include the interaction between erosion and corrosion [6] , and between fatigue and creep [7] .
22
The effect of coupling should thus be considered, when modeling multiple dependent failure mechanisms.
23
As reviewed before, most these existing methods are grounded on probabilistic models. Therefore, they share a 24 common limitation: the requirement on large amount of data for the accurate estimation of model parameters. To 25 address this problem, we develop a mechanistic approach in this paper, which explicitly models the root cause of 26 dependency to develop a deterministic model, rather than a probabilistic one, to describe the dependent failure 27 behaviors. The rest of this paper is organized as follows. In Section 2, we review the PoF-based failure behavior 
9
Since p and th p in Definition 1 can be used to characterize failures, the failure behavior can be described by 10 modeling the variation of p over time, as shown in Figure 1 . Miner's rule in (4), the failure behavior can be described by 
3
Example 5. An example of competition is the interaction among the three failure mechanisms of a composite ply 4 [43] . There are three failure mechanisms for the composite ply, fiber tensile, matrix failure and fiber kinking/ splitting.
5
According to [43] , the composite ply can fail due to either of the three failure mechanisms. Moreover, the three 6 failure mechanisms have no influence on one another. Thus, competition applies to the three failure mechanisms. the presence of one failure mechanism has no influence on the others, as shown in Figure 3 . In Figure 3 
21
Coupling refers to the situation where the presence of one mechanism influences the other failure mechanisms.
22
Coupling is caused by the synergistic effect among the coupled failure mechanisms, in which one failure mechanism 23 changes the inputs of the other failure mechanisms, as described in Figure 4 . 
7
Example 7. An example of coupling is the interaction between fatigue and creep [7] . According to [7] , when 8 specimens are subject to these two failure mechanisms, the resistance to fatigue is reduced due to the influence of 9 creep. Thus, the two failure mechanisms are coupled.
10
Example 8. Another example of coupling can be found in specimens subject to erosion and corrosion [6] . According 11 to [6] , erosion removes the protection layer on the specimen, which makes the specimen more prone to corrosion and 12 results in an increased corrosion rate [6] . 
17
In an interaction graph, a box represents a failure mechanism while a circle denotes a performance parameter. An 
20
In some PoF models, the performance parameters do not change over time. For these models, equation (6) 
15
where the meaning of each parameter is consistent with those in (9) and (10).
16
Since competition applies to the three failure mechanisms of the ply, the weakest link model in (8) 
5
In order to use (15) and (16) (15) and (16), respectively.
10
Since superposition applies to the two failure mechanisms, from (14), we have 11 1 . p is subject to only one failure mechanism, then 1. 
12
In order to apply the compositional method, we first construct the interaction graph to visualize the interactions 13 among the three failure mechanisms. The interaction graph is given in Figure 7 . 
29
When the arrival of shocks follows a Poisson process with rate  , it is easy to verify that the result in (29) 
Modeling of the interactions
21
The interaction graph of the two failure mechanisms are given in Figure 8 . Figure 9 . Figure 9 Test setups The result of the wear test is shown in Figure 10 (the x and y axes are scaled, for confidential reasons). It should be 21 noted that in the test, the quantity directly measured at each inspection is the mass-loss of the test specimen, denoted 
(a) Test equipment (b) Specimen
25
The model in (36) is fitted to the test data using the least square method. The result is shown as the solid line in 
15
The differences can be explained by analyzing the trend of the test data. From the test data in Figure 10 , we can see 
17
In the work, we have considered dependency among failure mechanisms using a physics-based method. In the 18 future, dependency among components can also be investigated in a similar way. For example, physics-based models
19
can be developed to model the dependency due to shared loads, where the common loads shared by a group of 20 components result in the dependency among them. Also, the dependency among components resulting from cascading 21 failures can be considered, where the failure of some components increases the failure probability of other 
